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Abstract: This paper concerns the improvements of NO2 forecast due to satel-
lite data assimilation. The Ozone Monitoring Instrument (OMI) aboard NASA
Aura satellite provides observations of NO2 columns for air quality study. These
satellite observations are assimilated, with the optimal-interpolation method, in
an air quality model from Polyphemus, in order to improve NO2 forecasts in
Europe. Good consistency is seen in the comparisons of model simulations,
satellite data and ground observations before assimilation. The model results
with and without assimilation are then compared with ground observations for
evaluating the assimilation effects. It is found that in winter the errors between
model data and ground observations have been reduced after assimilation, indi-
cating a better NO2 forecast can be obtained using satellite observations. Such
improvements are not found in summer, which is probably due to the shorter
life time and higher temporal variability of NO2 in the warmer season.
Key-words: air quality, data assimilation, numerical simulation, satellite
observations, troposphere
Assimilation d’observations de NO2 acquises par
OMI dans un modèle de prévision de la qualité
de l’air
Résumé : Cette étude présente des résultats d’assimilation de données satel-
lite pour améliorer la prévision de la concentration de NO2 par un modèle de
qualité de l’air. L’instrument OMI (Ozone Monitor Instrument, à bord du
satellite Aura, NASA) acquiert des colonnes troposphériques de NO2 compati-
bles avec les modèles régionaux de prévision de la qualité de l’air. Ces observa-
tions sont assimilées par Interpolation Optimale dans la plate-forme de prévision
Polyphemus. Les résultats de prévision avec et sans assimilation sont évalués
par comparaison avec les données au sol. Les erreurs de prévision en hiver ont
été signifactivement réduite par assimilation de données satellite. Ce résultat
n’est pas obtenu en été, probablement en raison de la durée de vie plus courte
et de la plus grande variabilité du NO2 en été.
Mots-clés : qualité de l’air, assimilation de données, simulation numérique,
données satellite
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1 Introduction
Nitrogen dioxide (NO2) plays an important role in tropospheric chemistry (Lo-
gan, 1983). Anthropogenic NOx emissions are key precursors for tropospheric
ozone (O3) (Murphy et al., 1993) and can affect the formation of aerosol nitrate
(NH4NO3) in the presence of ammonia (NH3)(Logan, 1983). NO2 also has a
direct impact on the public health. Long-term NO2 exposure may affect lung
function and increase the risk of respiratory symptoms (Panella et al., 2000;
Smith et al., 2000). Strong associations exist between NO2 and nonaccidental
mortality in daily time series studies (Steib et al., 2003; Burnett et al., 2004).
Therefore, a better knowledge of NO2 concentration is important to many is-
sues related to air quality. In such context this study aims to improve the NO2
forecast using assimilation of new observations.
Data assimilation is effective in the optimal estimation and forecast of at-
mosphere (Kalnay, 2003). By using observations of parts of the state it can
estimate the less known model parameters or the state itself. Data assimilation
techniques have been applied in the numerical weather prediction for a long
time (Daley, 1993; Kalnay, 2003) and recently been introduced to air quality
study (Austin, 1992; Fisher and Lary, 1995; Riishojgaard, 1996). Pollutant mea-
surements of diverse nature (ground, airborne etc.) have been assimilated for
different species (Jeuken et al., 1999; Levelt et al., 1999). For nitrogen dioxide
satellite data were used to improve the estimation of NOx emissions (Konovalov
et al., 2006; Napelenok et al., 2008). Few studies have been made to directly
adjust the NO2 concentrations with data assimilation techniques, due to the
difficult modeling of NO2.
Satellite observations of tropospheric NO2 columns began in 1995 with the
Global Ozone Monitoring Experiment (GOME) spectrometer aboard the Eu-
ropean Research Satellite (ERS-2) (Burrows et al., 1999), and was followed
by the Scanning Imaging Absorption spectroMeter for Atmospheric Chartog-
rapHY (SCIAMACHY) (Bovensmann et al., 1999). Studies on GOME and
SCIAMACHY observations have demonstrated the capacity of observing air
pollution from space (Leue et al., 2001; Richter et al., 2005). More recently,
the Ozone Monitoring Instrument (OMI) aboard the Earth Observing System
(EOS) Aura satellite was launched in 2004 (Levelt et al., 2006). OMI provides
high quality measurements of NO2 columns with better spatial resolution and
in daily global coverage, which are important advantages compared to earlier
instruments of GOME or SCIAMACHY. The OMI data are then expected to
improve the day-to-day monitor and forecast of air quality, and are used in this
study.
Polyphemus is a modeling system for forecast and assessment of air quality
(Mallet et al., 2007). It can deal with applications on photochemistry and
aerosol dynamics at continental scales using Eulerian models. Polyphemus
has been involved in operational testing for photochemistry forecasts on the
French Prév’air platform from summer 2004 (http://www.prevair.org/). In
this study the system is used with a similar configuration to forecast NO2 con-
centrations in Europe.
In section 2 we introduce the Polyphemus system, its configuration in the
present case and the comparisons between model simulations and ground ob-
servations. The NO2 column observations from OMI and their comparisons
with model results are then detailed in section 3. In section 4 the consistency
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of model results, satellite observations and ground measurements is examined.
The assimilation method is then evaluated and its results in a cold season are
presented in section 5. In section 6 the seasonal differences of NO2 assimilation
results are presented with a summer study included. Conclusions can be found
in section 7.
2 Polyphemus system and comparisons with ground
observations
2.1 Polyphemus system and experiment configuration
Polyphemus system can deal with applications of passive tracers, radioactive
decay, photochemistry and aerosol dynamics from local to continental scales
(Quélo et al., 2007; Sartelet et al., 2007; Korsakissok and Mallet, 2008). It is
made of four distinct components. i) Preprocessing of input fields (meteorolog-
ical fields, emissions, . . . ) in the first stage, notably relying on physical param-
eterizations available in the AtmoData library. ii) Eulerian chemistry-transport
models (Polair3D and Castor) and local-scale plume and puff Gaussian models.
iii) Drivers for handling the models, e.g., a driver for Monte Carlo simulations,
drivers for data assimilation. iv) Postprocessing tools (i.e., the Python mod-
ule AtmoPy) for statistical analysis of the results. Detailed descriptions of the
system and source code are available at http://cerea.enpc.fr/polyphemus/.
The recent version, Polyphemus 1.3.1, is used for study.
The configuration of the model can be described as follows. The land use
data are obtained with 1 km resolution from GLCF (Global Land Cover Fa-
cility) data base (http://glcf.umiacs.umd.edu). Meteorological input data
are computed from ECMWF (European Centre for Medium-Range Weather
Forecasts) fields (12-hour forecast cycles starting from analyses) with 60 verti-
cal levels, a horizontal resolution of 0.36◦ by 0.36◦ and a time step of 3 hours.
The initial conditions and daily boundary conditions are extracted from outputs
of the global Chemistry-Transport Model Mozart 2. Anthropogenic emissions
(e.g., NOx, SOx, etc.) are provided by EMEP (Co-operative Programme for
Monitoring and Evaluation of the Long-range Transmission of Air Pollutants
in Europe) inventory, converted according to Middleton et al. (1990). Biogenic
emissions are parameterized with the method proposed in Simpson et al. (1999).
Deposition velocities are from Zhang et al. (2003) for gaseous species.
The Chemistry-Transport Model (CTM) Polair3D (Boutahar et al., 2004) is
in charge of the time integration of the reactive transport equation. The model
domain covers the west and central Europe, from 10.5◦ W to 23◦ E and from
25◦ N to 58◦ N, with a resolution of 0.5◦ by 0.5◦ in horizontal directions. The
maximum vertical height is 5000 meters with 10 levels from the ground. The
simulation time step is 10 minutes. A cold season (November and December)
of year 2005 is studied here.
2.2 Comparisons with ground observations
Ground observations are useful for validating the model simulations. They can
be further used for quantifying the improvements due to satellite data assim-
ilation (Sect. 5). In this study the ground observations are from the EMEP
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network. It provides the hourly and daily measurements of NO2 near surface in
Europe. The important advantages of EMEP measurements are the common
quality control standards applied and their station locations; the latter makes
the measurements representative of regional background conditions, relatively
unaffected by local emissions. Several other monitoring networks (urban, subur-
ban, etc.) are not used here, since they would pose serious problems concerning
criteria of data selection and treatment of uncertainties. An obvious disadvan-
tage of the EMEP network is the rather sparse distribution of stations for NO2
(totally 25 in 2005).
The model results are then compared with the hourly EMEP data and their
daily statistics are computed, i.e., mean (µg m−3), correlation and root mean
square error (RMSE) (µg m−3). The statistics are computed station per station
and then averaged. The mean RMSE is 6.9 µg m−3 between model and ground
observations; the mean correlation is 0.62, indicating a good consistency be-
tween them. Model results are higher than ground observations on average:
12.4 µg m−3 versus 8.1 µg m−3. This difference is now discussed. The ground
NO2 is measured by chemiluminescence monitors and the values can be sys-
tematically overestimated because of interferences of other compounds (Dunlea
et al., 2007; Steinbacher et al., 2007). However, with model results being larger
than ground observations, these measurement errors can not explain the discrep-
ancy. Konovalov et al. (2006) have discussed the effects of emission uncertainties
on the modeling of NO2 concentrations and showed that they may contribute
significantly to the differences between model and ground observations. The
other possible explanation is that heterogeneous reactions, which may reduce
the NO2 concentration in winter (Sartlet et al., 2008; Roustan et al., 2008), are
not included in the current simulation.
3 Satellite observations and its comparisons with
model columns
The Ozone Monitoring Instrument (OMI) aboard NASA’s EOS Aura satellite
was launched on 15 July 2004. It traces a Sun-synchronous polar orbit at an
altitude of approximately 705 km. It has a period of 100 minutes and an equator
crossing time between 13:40 and 13:50 local time. OMI has been equipped with
two-dimensional CCD detectors and provides a wide field of view for one orbit
(i.e., a 2600 km wide spatial swath on the Earth’s surface), large enough to
obtain a complete global coverage in one day. OMI measures NO2 columns
with pixels of 13 km (along track) by 24 km (cross track) at nadir and 13 by
28 km2 for the outermost swath angles (Boersma et al., 2006). Therefore, it
has a much finer spatial resolution than GOME (320 by 40 km2) (Richter and
Burrows, 2002) and a significant improvement in both spatial and temporal
resolutions than SCIAMACHY (60 by 30 km2 and six days to complete a global
coverage). OMI data can therefore provide high-quality observations for air
quality study (Bucsela et al., 2006; Boersma et al., 2006).
OMI NO2 columns can be downloaded from the NASA website (http:
//disc.sci.gsfc.nasa.gov/Aura/OMI/omno2g_v003.shtml). The standard
data product (version 3 of daily gridded data) is used in this study. It is the daily
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Figure 1: The temporal average of column data in Europe over November
and December of 2005. Top: OMI column data. Bottom: model simulation of
columns. Good consistency is seen in Spain, Italy, Great Britain, North Europe.
Model simulations have higher values than satellite observations.
gridded product which bins the 24 UTC hours of data to the longitude-latitude
grid.
Several procedures of data processing have been applied to prepare the data
for assimilation. A general quality control is first used to select data with a
quality flag which concerns solar zenith angles, the missing data, etc. The
columns are then filtered out when the cloud fraction reaches 20% since clouds
can obscure gases below and increase the measurement sensitivity above them.
Finally, we consider to match the satellite data to model grids. The satellite
observation resolution is 0.25◦ by 0.25◦ in longitude and latitude and the model
is 0.5◦ by 0.5◦. The available satellite data from the same orbit (4 or less
observations) are collected in each model grid; their average is used as the
observation for that grid of model.
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These data are then collected for the same domain as the model simulation
(see section 2) over November and December of 2005. They are used for the
data assimilation in section 5.
OMI data errors come from instruments and retrieval algorithms. The de-
tails of retrieval algorithms are described in Bucsela et al. (2006). The er-
rors can be represented by the standard deviations available on the OMI data
website. These values are collected with the same processing procedures and
for the same domain as the column data. The mean of the data errors is
1.68 1015molecules cm−2 (or 1283 µg m−2), which is 50% of the mean column
value. This error is consistent with that in previous studies (Bucsela et al.,
2006).
Comparisons between satellite data and model simulated columns are useful
for understanding their general consistency and differences. Since the model
simulation usually saves the hourly results, we collect the satellite and model
columns at the same hours and locations, and these collected data are then
compared. Their spatial-temporal correlation has a value of 0.57, suggesting a
reasonable consistency. By averaging the available data (from model or satel-
lite) within each grid cell over the studied period, we get the average spatial
distribution of NO2 columns shown in Figure 1 (a and b). Good consistency is
seen between model and satellite data, with strong agreement in England, north
Europe, Italy and Spain. Satellite observations generally have lower values than
model columns in the studied period, which is consistent with previous reports
that OMI may underestimates tropospheric columns in winter (Kramer et al.,
2008; Lamasal et al., 2008).
4 Consistency of model, satellite and ground
data
The consistency between satellite and ground data is first briefly discussed, with
data being collected at the same hours and locations. Their spatial-temporal
correlation is computed, with a value of 0.52. Since satellite columns and ground
observations do not measure the same quantity, this indicates a reasonable con-
sistency between them.
Data from model, satellite and ground stations (with the same locations and
hours) are now compared together to understand their consistency, i.e., how the
satellite and model data can help retrieve ground observations. Let xgd rep-
resent the model ground concentrations, ycl the satellite observations and ygd
ground observations. xcl (the column) is an integration of model concentrations
from all the levels. If the vertical profile has the right shape (i.e., the ratio be-
tween the concentrations at two levels is correct), and if there are no errors in
ycl or ygd , then ygd = ycl xgd/xcl. This suggests that ground observations
may be retrieved from satellite columns and model simulations. However, given
the errors in both model and observations, such relationship does not exist in
the real study.
One may try to find a more efficient retrieval of ground observations with
the model and satellite data. This is realized by adjusting the ratio xgd/xcl
(correction of the model vertical profile), and the improved ground concentration
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Table 1: Consistency experiment using model simulation, EMEP ground obser-
vations and OMI data. Results with parameter A of 1, 1.4, 2 and 5 listed.
statistics Reference A = 1 A = 1.4 A = 2 A = 5
Model mean 7.66 6.22 6.48 6.72 7.19
Ground mean 6.93 6.93 6.93 6.93 6.93
Correlation 0.7 0.7 0.71 0.71 0.71
RMSE 5.8 5.1 5.09 5.14 5.38








where A is a scaler. xgd and x̂gd can then be compared with ygd; their statistics,
i.e., correlation and RMSE, can represent the consistency among the model,
satellite and ground data. In this experiment the A values range from 1 to 5
and the statistical results are listed in Table 1. It is shown that the RMSE is
reduced when comparing x̂gd and ygd than that of xgd and ygd. The minimum
value of RMSE is found when A is equal to 1.4. Their correlation however
remains similar as A varies. Therefore, A with a value of 1.4 can be used to
provide the best direct retrieval of the ground observations from satellite and
model data.
5 Data assimilation
Now the assimilation of satellite data is applied with the CTM model. The
optimal interpolation method (OI) is used (Daley, 1993), since its performance
should be similar to that of more complex methods (Wu et al., 2008). A brief
description of OI method is presented below.
Let xb be the a priori state estimation (background) with error covariance
matrix B, y be the observation with error covariance matrix R, and xa be the
posterior state estimation (analysis). The innovation d represents the difference
between the observation and the background state vector, i.e., d = y − Hxb,
where H is a linear observation operator that maps the state vector to the
observation space. NO2 column is the state in the study. Our objective is to
find the analysis state vector xa according to best linear unbiased estimator
theory as follows:
xa = xb + K(y − Hxb) (2)
K = BHT (HBHT + R)−1 (3)
In practice, choosing the error covariance matrices for observations (R) and
background (B) remains problematic. In this study R is set to be diagonal, with
the value of 1.6 106µg2 m−4, which is the square of mean satellite data errors
(section 3). B can be in the diagonal or Balgovind forms. If B is diagonal, the
combination of formulae (2) and (3) leads to a similar expression as formulae
INRIA
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(1) in section 4. The ratio between errors of observation and background is then
similar to the value of parameter A.
In the following study B is set to be Balgovind form and the error covariance














where L is a characteristic length, r is the distance between two points and v
is a variance (Balgovind et al., 1983). The value of v is set to 1.14 106µg2 m−4,
which is derived from the satellite data error divided by 1.4, the optimal value
of A in section 4.
In order to use satellite data for assimilation, an observation operator H
has been developed to link the CTM model and satellite data. The model
makes forward simulations every ∆t (10 minutes in this study). At a simulation
time t, the model forecasts NO2 and a vertical integration of the forecasted
values produces the background state vector xb. xb is then mapped to the
same locations as satellite data through operator H. Using the OI formulae
(2) and (3), xb is updated to analysis state xa. The new NO2 concentrations
(i.e., analyzed concentrations) of all levels are then computed by multiplying
the background concentrations with xa/xb. These analyzed concentrations can
be used as the initial conditions for the next-step simulation (t + ∆t).
Two simulations are normally carried out: one without data assimilation
(i.e., reference, the same as that discussed in section 2), and the other with
assimilation of observations. For the latter, the process can consist of two
steps: assimilation and prediction. During the assimilation period, e.g., [t0,tN],
observations are assimilated when they are available and the period usually
covers more than one day. The outputs are model forecasts at various time
intervals, i.e., 10 minutes to several hours, since each day the available satellite
data in Europe are within a few hours (usually from 10:00 UT to 14:00 UT). In
the subsequent prediction period [tN+1,tT], simulation is made without using
observations. The results from all these simulations (reference, assimilation
and prediction) can be compared with ground measurements to understand the
effects of assimilation.
5.1 Assimilation process
In the following the assimilation process is presented which covers the whole
studied period. Data assimilation with different values of Balgovind character-
istic length L is carried out since L describes the spatial structure of the error
and affects the results.
The model results (with and without assimilation) are compared with ground
observations and the comparison statistics are shown in Table 2. It is found that
the assimilation is sensitive to L value. When L increases from 0.1◦ to 4◦ (recall
that the model grid interval is 0.5◦), the RMSE against ground observations
is reduced significantly from 6.9 to 5.9, and the correlation changes slightly
from 0.61 to 0.58. In order to choose a proper value of L, some practical
conditions, e.g., meteorology and emissions, need be considered. The lifetime
of NOx emissions is about 13 hours in Europe in winter (Schaub et al., 2007);
the mean surface wind speed is 5.0 m s−1 during this season (computed from
ECMWF). Therefore, the NOx emissions can affect locations about 234 km
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Table 2: Comparisons of model reference (without assimilation) and assimila-
tion results with EMEP ground observations. The characteristics length Lh of
Balgovind background covariance matrix varies from 0.1 to 4.
statistics Reference Lh = 0.1 Lh = 0.25 Lh = 0.5 Lh = 1.5 Lh = 2 Lh = 3 Lh = 4
Model mean 12.4 12 11.7 11.3 10.9 10.9 10.8 10.8
Ground mean 8.1 8.1 8.1 8.1 8.1 8.1 8.1 8.1
Correlation 0.62 0.61 0.60 0.60 0.59 0.59 0.58 0.58
RMSE 6.9 6.6 6.4 6.2 6.0 6.0 5.9 5.9
Figure 2: The model results(with and without assimilation) and ground ob-
servations at two example stations during 14–31 December 2005. Top: at a
station in Spain. Bottom: at a station in Netherland. The model simulation
with assimilation shows better performance compared to ground observations.
away from their original source. Since L is a characteristic decorrelation length
in background errors from one location to the other, it should be related to the
concentration transportation. Therefore, a rough estimation for L may be 3◦.
In the following study we use L equal to 1.5◦.
When using L = 1.5◦, the comparisons between model (with and without
assimilation) and ground observations are shown at two example stations in Fig-
ure 2. Clear changes are seen in the ground concentrations with the assimilation
applied. The mean RMSE between ground observations and the assimilation is
6.0 and the correlation is 0.59; the RMSE is therefore decreased by 13% (from
6.9 to 6.0) compared to that using the reference. The improvement of RMSE is
similar, even slightly better than that (10%) from the inverse modeling of NOx
emissions using GOME data (Konovalov et al., 2006). Therefore, data assim-
INRIA
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Table 3: Comparisons of model reference (without assimilation), the assimila-
tion and predition processes with EMEP ground observations of NO2.
statistics Reference Assimilation Prediction
Model mean 12.4 10.9 11.6
Ground mean 8.1 8.1 8.1
Correlation 0.62 0.59 0.58
RMSE 6.9 6.0 6.5
ilation of OMI observations has a significant potential to improve the surface
NO2 forecast.
5.2 Operational conditions
It is highly desirable to obtain the next-day forecast of air quality for practical
applications. For this purpose, the assimilation/prediction processes constitute
a cycle which is applied to every two days within the studied period. For the
first cycle, the assimilation process ranges from 1 November 2005 at 0100 UT to
2 November 2005 at 0000 UT, followed by the prediction from 2 November at
0100 UT to 3 November 0000 UT. The second cycle performs the assimilation
from 2 November at 0100 UT to 3 November 0000 UT, followed by the prediction
from 3 November at 0100 UT to 4 November 0000 UT. The cycling continues
until the end of the considered period, i.e., 31 December 2005. The predictions
are then compared with ground observations. Their statistics are displayed in
Table 3. While the correlation between the predictions and ground observations
changes slightly, the RMSE is reduced from 6.9 (reference simulation) to 6.5
(prediction), hence by 7%. This indicates that a better next-day forecast of
surface NO2 can be achieved using assimilation of OMI data. The correlation
between the predicted and satellite columns is also calculated, with a value of
0.6, similar to that (0.57) using the reference simulations.
6 Discussion
It is known that NO2 variations differ from the warm to cold season (Kramer
et al., 2008). We applied the same study to NO2 in summer (June, July and
August 2005) in order to understand the seasonal differences. The correlation
between model and satellite data has a value of 0.51, slightly less than that (0.57)
found in November and December. Shown in Figure 3 is the temporal mean
over summer from model and satellite data respectively. Good consistency is
seen in England, Spain, Italy, etc., and less agreements in some parts of central
Europe. Satellite data are on average higher than the model columns, which is
the reverse from the cold season.
The assimilation process is also applied to the summer period using Bal-
govind error covariance matrix. It is found that the model NO2 columns and
ground concentrations are both increased with data assimilation. A compar-
ison between OMI data and model columns shows a better correlation (0.59)
with assimilation than without it (0.51), indicating an improved forecast of
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Figure 3: The temporal average of data in Europe over June, July and August
of 2005. Top: OMI column data. Bottom: model simulation of columns. Good
consistency is seen in Spain, Italy, Great Britain, North Europe, and the less in
east Europe. Model simulations have lower values than satellite observations.
columns. The ground NO2 results are then compared against EMEP observa-
tions; however, similar values are seen with or without assimilation. For better
understanding the assimilation effects on the ground concentrations, we examine
the NO2 diurnal variations using the model. Shown in Figure 4 is an example
of the spatial averages of NO2 (for both columns and surface concentrations)
with/without assimilation from 17 to 20 July. There are significant diurnal
differences of NO2 and the daily minimum is near noon time. When satellite
observes NO2 in Europe, it is usually between 1000 - 1400 UT, the same pe-
riod when NO2 concentrations are low. With the large diurnal variations and
shorter life time of NOx in summer (Schaub et al., 2007), the assimilation effects
decrease quickly with time and do not change the daily NO2 profile as show in
INRIA
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Figure 4: The spatial-averaged model results with and without data assimila-
tion in 17-20 July 2005 (assimilation process). Top: Columns. Bottom: Ground
concentration.
Figure 4. This probably explains why the statistics of ground comparisons are
similar with or without assimilation.
The prediction process is also carried out in summer. Its results show al-
most the same statistics as those without assimilation, either evaluating model
columns or ground concentrations. This indicates that the assimilation of OMI
columns has no clear impact on the next day forecast of NO2 in summer, con-
sistent with NOx having a shorter life time in the warm season.
It is known that NO2 is an important precursor of O3. In the following
we examine if the assimilation of satellite NO2 data can affect O3 forecast.
The assimilation process is discussed here since the prediction has the similar
or even less effects. The model surface O3 concentrations are compared with
EMEP observations with and without assimilating NO2, and their correlation
and RMSE are computed with the daily peak values of O3. The daily maximum
is usually seen around 1300-1500 UT from the model simulation, which is near or
a little later than the satellite measuring time (around 1000-1400 UT) in Europe.
It is found that with assimilation the daily peak O3 concentrations are increased
in summer; the RMSE against ground O3 observations becomes even larger,
24.9 without assimilation and 28.7 with assimilation. Since the mean daily
peak concentration is 106.5 from the reference simulation and 97.8 from ground
observations, the model already overestimating the O3 without assimilation.
This may explain the increase of RMSE with assimilation. The correlation with
ground data changes slightly with and without assimilation (0.61 versus 0.63).
Therefore, the data assimilation of NO2 columns may not necessarily improve
the forecast of ground O3 in summer. In November or December, the changes of
O3 due to NO2 assimilation are not clear and the statistics are almost the same
as those without assimilation. This may be explained by O3 concentrations
being generally lower and less sensitive to NO2 concentrations in cold seasons
than in warm ones.
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7 Conclusions
In this study we have performed the data assimilation of OMI NO2 columns in
the Polyphemus air quality system. Good consistency is seen in the comparisons
of model simulation, satellite data and ground observations before assimilation.
The optimal interpolation method is then applied to produce analysis of NO2.
The assimilation is carried out with available satellite data in the studied period,
and the next-day prediction is also performed. The model results (from the
reference simulation, assimilation and prediction) are compared with the EMEP
ground obsevations for evaluation.
It is found that in winter the RMSE between model and ground observations
is less with assimilation than that without assimilation, reduced by 13% on
average. The next-day predictions also show a better forecast of NO2 with
RMSE decreased by 7%. Therefore, OMI data assimilation has the potential to
improve the forecast of surface NO2 concentrations in the cold season.
On the other hand OMI data assimilation shows no clear impact on the
surface NO2 forecast in summer, probably due to the shorter life time and
higher diurnal variability of NO2 in the warm season.
The assimilation of NO2 also has an impact on O3 and the effects are more
clearer in summer than in winter. This however does not improve the O3 forecast
due to model already overestimating O3.
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